This article, in order to improve the assembly of the high-pressure spool, presents an assembly variation identification method achieved by response surface method (RSM)-based model updating using IV-optimal designs. The method involves screening out non-relevant assembly parameters using IV-optimal designs and the preload of the joints is chosen as the input features and modal frequency is the only response feature. Emphasis is placed on the construction of response surface models including the interactions between the bolted joints by which the non-linear relationship between the assembly variation caused by the changes of preload and the output frequency variation is established. By achieving an optimal process of selected variables in the model, assembly variation can be identified. With a case study of the laboratory bolted disks as an example, the proposed method is verified and it gives enough accuracy in variation identification. It has been observed that the first-order response surface models considering the interactions between the bolted joints based on the IV-optimal criterion are adequate for assembly purposes.
Introduction 1
Several kinds of high-pressure spool in the aero engine are assembled by bolted joints. One of the most critical aspects of a bolted joint is the preload applied, which are not only important for slip behavior, but also must maintain static structural integrity over time [1] [2] [3] [4] [5] . The gap or interference of the bolted joints in the assembly process can cause variation of the dynamics of the high pressure spool under the nominal same preload. It is known that rotating disk vibrations like high pressure spool can be described as a combination of alternating mechanical deformation waves traveling relative to the disk itself or relative to a stationary frame [6] . These traveling waves may change their be-havior and frequency contents with these geometrical imperfections caused by the preload variations of the bolted joints in the assembly process and when certain dynamic forces act on the disk, the devastating failure may happen to the changed bolted structure. It is known that complex multi-physical phenomena may occur in the joint zones, including a material plastic deformation, thermo-structure interaction, thermoelectrical-structure interaction, linear or non-linear friction application, and so on [7] [8] [9] . These characteristics make it difficult to perform simulation and variation analysis for the assembly. What is more, it is difficult to identify which bolted joints did not apply the required preload, especially through complex coupling effects of the bolted joints in a circle.
To date, most current researches on assembly variations are based on contact surface of bolted joints. Liao and Wang [7] developed a non-linear dimension variation analysis method by establishing an elastic frictional contact model between the assembly surfaces. Zhang and Poirier [10] proposed an analytical approach
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to solve surface problem, adopted the residual force on the assembly, compression deformation caused by external force and dimension change due to member rotation to analyze stiffness reduction and investigated their effect. Hu, et al. [11] developed a numerical simulation method for the assembly process incorporating compliant non-ideal components by applying contact algorithms, and the results are compared with the analytical solutions. Mattikalli [12] described an approach that involved a model of contact between compliant bodies based on variation inequalities to model the mechanics of assembly. By solving a quadratic programming (QP) problem, the contact situation is resolved and the mechanics of variations during assembly is obtained. Although a lot of efforts have been made on this area, the contact modeling method of assembly process towards variation analysis is still under development.
Further studies are focused on models or characteristic vectors to reflect the assembly variation. Liu, et al. [13] [14] proposed a model to analyze the effect of deformation and spring-back on assembly variation by applying linear mechanics and statistics. Using finite element method (FEM), they constructed a sensitivity matrix for compliant parts of complex shapes, which establishes the linear relationship between the incoming part variation and the output assembly variation. Camelio and Hu [15] presented a new method for predicting the variation in compliant assembly by using a covariance matrix of the components. The method replaces the sensitivity matrix with the use of the variation vectors defined for each deformation mode identified from the covariance of the components, thus reducing the number of FEM computations. Dano, et al. [16] studied the effect of different criteria on the failure load prediction of bolted joints using progressive failure analysis based on two-dimensional finite element analysis. They found that the calculated displacement to failure is very different from what is reported in the experiment due to the fixture deformation.
So far, in the scope of the author, studies on assembly variation have some limitations. Firstly, only the assembly of single or two parallel bolted joints were concerned [17] and complex assembly structure has never been analyzed. Secondly, areas like developing systematic and generally applicable analytical method and software tools for detecting assembly variations need further investigation.
Response surface method (RSM), which can significantly reduce the number of experiments, is widely used in a variety of fields [18] [19] . However, there is little information available in literature about RSM in assembly variation identification. To the author's knowledge, Fang and Perera [20] presented a damage identification and model updating method based on RSM.
The stiffness of the bolted structure which reflects the overall behavior of the assembly [21] [22] is determined by the applied preload. Because it is difficult to identify which bolted joints do not apply the required preload, in this paper, we use the variation of the stiffness of the bolted structure to reflect different levels of preload. However any changes in the stiffness will be reflected by the variation of frequencies. Thus, it is necessary to apply the frequency as the indicator for investigating the behavior of the variation of the preload in the bolted joints under complex coupling effects. But considering the symmetric of the rotating disk structure, modal frequency changing alone is not sufficient for unique assembly variation localization.
In this paper, the complex coupling effects of the bolted joints related to the high pressure spool assembly are studied by establishing a RSM model using IV-optimal designs. Due to the complexity of the assembly process, the research scope of this paper is focused on the influence of the preload of the bolted joints on the variation of frequencies. This paper extends the RSM model to describe the non-linear relationship between the assembly variation caused by the changes of preload and the output frequency variation. Furthermore, this method is implemented by screening out the non-correlative coupling effects and updating the RSM model by experimental results to fulfill preload variation identification. In order to validate the proposed approach, a physical test of assembly of two plates is used for the assembly variation analysis.
In Section 2 the theory of RSM is introduced in detail. In Section 3 assembly variation identification using IV-optimal designs is developed. In Section 4 experimental analysis is used to validate the results of proposed method. In Section 5 conclusions are drawn and future work is discussed.
Basic Theory of RSM and IV-optimal Designs
A response surface (RS) model is actually an approximate mathematical model representing the complex relationship between the input parameters and the corresponding responses [23] . It can be defined as a sum of series of kernel functions, which is expressed as
where I i (x) denotes the kernel function of design matrix, L the number of the kernel functions, E i the partial regression coefficients. In most engineering applications, a first-order linear or second-order polynomial model can be used as kernel functions, and a first-order model considering interaction effects is exNo.5
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where the terms x i and x i x j denote the main effect of parameter i and the interaction effect between i and j, respectively; 0 E is a constent coefficient; i E and ij E are corresponding partial regression coefficients of x i and x i x j ; y i comprises all model responses, and coefficient E can be estimated by the least square estimation as
where X and y are vectors, which comprising all independent variables and dependent variables in the experiment, respectively. There are several design methods including central composite design, Box-Behnken designs and a series of optimal designs, and there exists one question, i.e., why we should choose one design over another. These design methods are compared in Design Experts ®.
IV-optimal designs are best used with response surface designs among the series of optimal designs [24] [25] . With response surface designs the goal is to model the true response surface with greater precision. The IV-optimal designs seek to minimize the integral of the prediction variance across the design space and are built algorithmically to minimize the runs when working with categoric factors in addition to continuous factors. What is more, they can add constraints to the design space, for instance to exclude a particular area where responses cannot be measured.
However, the optimal design has more runs than a Box-Behnken for a quadratic model, and if you end up with the lose of some data, the central composite design has more runs initially, which makes it more robust to problems.
In this paper, a non-linear first-order model considering the interaction effects is implemented and Design Experts ® is employed for the RS model construction.
Variation Identification Using IV-optimal Designs
The proposed assembly variation identification procedure comprises three steps (see Fig. 1 ): A) feature selection and parameter screening, which chooses the input and response features and screens out non-significant input parameters; B) RS modeling based on IV-optimal designs, which seeks for the exact values of the input parameters for the RS model to give similar responses with those of experimental data; C) variation identification under optimization tuning. The three stages will be commented with more details in the next sections. 
Feature selection and parameter screening
In this analysis the modal frequencies are adopted to simulate the assembly variation of bolted joints. However, the modal frequencies are affected not only by the different levels of applied preload or the location of variation, but also their interactions. Therefore, an RSM using the IV-optimal designs is utilized to quantitatively evaluate the sensitivities of each preload level or location and the effect of their interactions on specific frequency response features.
The significances of their interactions are evaluated according to their statistical value calculated by the analysis of variance method [20] :
where F A and F 0.05,k,nk1 denote the F-test value of an interaction effect and the chosen F-test criterion value, respectively; SS E and SS R are the sums of squares due to the model and the residual, respectively. The result of F A greater than F 0.05,k,nk1 indicates that this interaction effect significantly contributes to the total variance of the model and it must be included in the RS modeling to implement variation identification.
RS modeling based on IV-optimal designs
An RS model is firstly constructed to seek the reference coefficients of input parameters for analytical models which can induce similar responses to those of the assembled bolted joints. It has been found that each parameter and their interactions can be analyzed by IV-optimal designs.
Different levels of applied preloads on the bolted joints are chosen as input parameters whose lower and upper bounds have to be within a reasonable dimension and modal frequencies are adopted as responses.
To prove the usability of a primary model, its adequacy is checked mainly by three criteria. The first R-squared criterion measures the amount of variation around the mean explained by the model:
where SS T = SS E + SS R denotes the total sum of squares, R is the residual value. R-squared can be artificially inflated by simply continuing to add terms to the model, even if the terms are not statistically significant. Therefore, an adjusted R-squared criterion can be used as a supplementary evaluation since it often decreases with the augmentation of non-significant parameters:
Considering the accuracy of response prediction of the new data explained by the model, a third criterion predicted R-squared measuring the amount of variation in new data is also included:
where PRESS denotes the predicted residual error sum of squares and measures how the model fits each point in the design. Both the R-squared and related adjusted R-squared statistics should be close to 1.0, which represents the ideal case at which 100 percent of the variation in the observed values can be explained by the chosen model. A rule of thumb is that the adjusted and predicted R-squared values should be within 0.2 of each other [23] .
Variation identification under optimization tuning
With the established RS model, variation identification can be carried out by model updating using the measured data from deformed structure.
The discrepancies of modal frequencies between ǔ 1 , ǔ 2 , … , ǔ n and y 1 , y 2 , … , y n , which come from the RS model and the corresponding ill-assembled experimental model, respectively, are minimized using the multi-objective optimization function as 
where x 1 , x 2 , … , x n denotes the applied preload of bolted joints. A multivariable function optimization algorithm, which is a gradient-based method used for the optimization with continuous objectives and constraint functions, is employed: The variation locations and severities are identified by the optimization process and represented by the parameter changes of the ill-assembled substructures.
Case Study
In this section, two laboratory disks with bolted joints were used to provide data. The structure investigated here is an equivalent and simplified model of high pressure spool of the aero engine in reality. The experimental system (see Fig. 2 ) consists of two disks bolted with eight joints, an impact hammer, and an accelerometer (Lance Piezotronics LC0110 with sensitivity 101.7 mV/g and a frequency range 1-6 kHz) measuring the disk vibration. Signal sets were captured with a board (ZZJCY-1 with a sampling frequency of 50 kHz for four-channel sampling) and transferred to a Pentium IV computer for analysis. Model test was implemented and the responses were measured by exciting the structure with an impact hammer. The disk was divided into eight substructures containing bolted joints. As a global quantity, modal frequency changing alone is not sufficient for unique variation localization of symmetric structure and variation at symmetric locations will cause the same amount of frequency change.
In this example, the accelerometer was placed on the plate in one substructure. Under the influence of the mass of the accelerometer, the bolted disk is no longer a central symmetric structure, but an axial symmetric one. By grouping two axial symmetric elements into one substructure, the disk was divided into four substructures with four individual preloads represented as S 1 , S 2 , S 3 , S 4 , as illustrated in Fig. 3 , and all the four substructures containing bolted joints in the disk were investigated. One may question this kind of method, but if assembly variation can be accurately restricted in two symmetric elements in the structure only using frequencies, subsequent unique variation location will be easier with the inclusion of mode shapes. In this way variation in one or both of two symmetric elements can be easily detected only using the frequency as the response feature.
Feature selection and parameter screening
Different levels of preload were applied to simulating the assembly variation caused by contact surface changes and the screening was carried out based on this consumption to investigate how the changes of preload affected changes of the frequencies responses. A total of 21 samples were generated and the preload of the bolted joints were set to have two levels. The first four measured frequencies of the normal assembled disk were 705, 790, 910, 1 205, and every first four frequencies of the assembled disk with different preload were used as the responses for constructing the RS models. Figure 4 (a) shows that S 1 , which is the preload of the bolted joint, considerably affects all the four frequencies but on the contrary S 2 only affects the first and the third order modes, which are relevant to the first and third order mode shape of the disk and the location which S 2 is applied to. Meanwhile, the influence of S 3 shows a tendency of decrease from the first to third order frequencies. Although S 4 also shows the same tendency as S 3 , it performs a higher influence on the higher modes compared with S 3 . For illustration, Fig. 4(b) only shows the first two orders of frequency in the parameter screening of interaction effects. In the figure, f 1 is the first order modal frequency of bolted structure and f 2 the second modal frequency. All the interactions have almost the same effects on the first frequency, which is relevant to the first order modal shape. The effects of S 1 S 3 and S 2 S 4 on the second order frequency are distinct.
These observations indicate that feature selection and parameter screening can serve to find out the bolted joints whose preload changes will cause considerable changes in the modal frequencies. 
RS modeling
Once the RS model was constructed, the model adequacy was calculated using the indices of Eqs. (5)- (7), and the R-squared criterion, adjusted Rsquared criterion and the predicted R-squared criterion are 0.975 5, 0.951 0 and 0.955 6, respectively. These means the model can represent the relationship between the preload and the natural frequencies.
It deserves to mention that because the processing of variation identification is implemented by minimizing the integral of the prediction variation across the design space, IV-optimal design is desirable for RSM. It allows all the main effects to be estimated, clear of two-factor interactions.
The first-order mapping function corresponding to the first modal frequency of this case is given as an example: 
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Figures 5-6 illustrate the 3D surface graphs and the 2D contours of the first modal frequency response. It shows that the value of the objective response decreases as preload values decrease. It is clear that the non-linear relationship between the applied preload and the output assembly variation can be described by Figs. 5-6. Because the frequency will always decrease when the applied preload decreases, the maximum value of the response surface is not the major consideration in this paper. 
Variation identification
Three different scenarios considering the changes of the preload of the bolted joints were designed to further illustrate the effectiveness of the proposed method:
1) Change the preload of single bolted joint. 2) Change the preloads of two adjacent bolted joints.
3) Change the preloads of two random bolted joints.
To estimate the changes of the preload and their severities, the established RS model was updated using the multi-objective optimization algorithm described in Section 3.3 and the results are shown in Fig. 7 .
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· 823 · Fig. 7 Variation prediction. Figure 7 shows that the proposed method accurately locates and quantifies the variation at S 1 with the variation severity of 45 in the preload reduction for the first scenario. In the second scenario, the variations at S 1 and S 2 are also identified with severities of 25 and 15 reduction, respectively, but a false alarm of 2 appears at S 3 . The same false alarm also occurs in the random locations of preload changing with a false prediction of 1.5 at S 1 where the variations at S 2 and S 4 are well predicted.
Conclusions
1) Through this study, it has been found that the RSM is a novel method for parameter screening since it gives quantitative evaluation of the significance of not only different levels of applied preloads and relevant locations, but also their interactions.
2) The relationships between the preload and the modal frequencies can be expressed by first-order non-linear RS models. By applying the experimental results to the RS model updating, assembly variation identification can be implemented using a multiobjective optimization algorithm.
3) To validate the performance of the proposed method, the study of laboratory disks with bolted joints is performed, and the variation predictions are acceptable from an engineering point of view. Thus, the potential of the proposed method for assembly variation identification is revealed.
